In this paper, we explore the impact of delay announcements using an empirical approach by analyzing the data from a medium-sized call center. We first explore the question of whether delay announcements impact customers' behavior using a nonparametric approach. The answer to this question appears to be ambiguous. We thus turn to investigate the fundamental mechanism by which delay announcements impact customer behavior, by constructing a dynamic structural model. In contrast to the implicit assumption made in the literature that announcements do not directly impact customers' waiting costs, our key insights show that delay announcements not only impact customers' beliefs about the system, but also directly impact customers' waiting costs. In particular, customers' per unit waiting cost decreases with the offered waiting times associated with the announcements. The results of our counterfactual analysis show that it may not be necessary to provide announcements with very fine granularity.*
Introduction
Delay announcements that inform customers about anticipated delays are prevalent in service systems. Call centers often use recorded announcements to inform callers of the congestion in the system and encourage them to wait for an available agent. While some of these announcements do not provide much information, such as the common message, "Due to a high volume of calls, we are unable to answer your call immediately," some call centers go as far as providing their customers with estimates of their waiting time or places in the queue. In many service systems, where the real state of the system is not visible to customers, delay announcements may affect customer behavior and may, in turn, have significant impact on system performance. Consequently, it is important for service providers to understand how delay announcements impact customer behavior and use delay announcements as a tool to induce the appropriate customer behavior, steering the system so as to maximize profits.
As these delay announcements are more and more widely used to inform customers about the anticipated delay, two major questions arise. The first question is whether delay announcements indeed impact customer behavior. In thinking about customer behavior, we follow the common practice in the call center industry to use customer abandonment as a proxy for customers' discontent with long waits. Hence, to address the first question, we study the impact of delay announcements on customers' reneging behavior. The answer to the first question turns out to be somewhat ambiguous. We thus turn to a more fundamental question, where we investigate the mechanism by which delay announcements impact customer abandonment behavior. To address these questions, we use an empirical approach by analyzing the data of a call center in the financial industry. The data is comprised of detailed information about each individual call at a medium-sized call center of an Israeli bank, where delay announcements with estimates of anticipated delay are provided to the customers. (We will describe the data in more details in Section 3.1.)
The relationship between delay announcements and customer behavior has been explored in the operations management literature. Most of the research in this literature is theoretical in nature.
The key assumption made in this literature is that customers use delay announcements to update their beliefs about the congestion level experienced by the system. Following this assumption, we build our base structural model, in which customers use announcements to update their beliefs on the waiting time in the system. The goal of this work is to test whether the models based on this assumption can indeed explain customer behavior.
We study the first question using a non-parametric approach, while we investigate the second question of interest using a structural estimation approach. We start with the question of whether delay announcements impact customers' abandonment behavior. Specifically, we compare the patience time induced by different announcements. Our results show that in most cases the patience times of customers receiving different announcements are not statistically different. (We will describe the approach and its results in more details in Section 3.3.)
In order to uncover the fundamental mechanism by which announcements impact customer behavior, we turn to the second question and propose a dynamic structural model. We model customer abandonment behavior as a dynamic decision process from the moment the first announcement is given. In particular, customers make abandonment decisions by trading off between the Author: How do Delay Announcement Shape Customer Behavior? Article submitted to Management Science; manuscript no. MS-0001-1922.65 3 waiting cost and the reward that they receive from the service. We assume customers are forwardlooking and heterogeneous in their cost-reward ratio. The model also allows customers to make decisions based on external factors which are modeled through idiosyncratic shocks. The external factors can be either customers' lack of adherence to pure rational decision making or customers' private information. An important feature of our structural model is that it accounts for the delay announcements received by customers. We start with a base model, which is built on the common assumption made in the theoretical literature that customers update their beliefs about the offered waiting time based on the announcements received. Using the censored maximum likelihood method, we estimate the cost-reward ratio and the variance of the idiosyncratic shock. If we believe in this model, the estimation results imply that the phenomenon of customers abandoning at different times is driven by both the heterogeneity of their cost-reward ratios and the idiosyncratic shocks.
As mentioned above, the base model follows the theoretical literature in assuming that the announcements only impact customers' beliefs on the offered waiting time. In order to test this assumption, we construct a model which assumes that the announcements not only impact customers' beliefs on the offered waiting time, but also directly impact their waiting costs. Our estimation results show that the model where customers not only update their beliefs about the system with the announcements but also update their waiting costs, best explains the observed customers' abandonment behavior at this call center. Moreover, we find that the cost-reward ratio decreases with the offered waiting time associated with the announcements, while the variance of the idiosyncratic shock increases. Such an impact of announcements on customers' per unit waiting costs can be explained by the economic theory that shows that the value of time equals the opportunity cost. This, combined with the observation that customers receiving longer estimated delays anticipate longer average waiting time, explains the result that the announcements impact customers' patience time in a non-trivial manner or sometimes do not impact customers' patience time at all. (We elaborate on this interpretation further in Section 6.3.)
To the best of our knowledge, this is the first work that relaxes the implicit assumption made in the theoretical literature that delay announcements only impact customers' beliefs about the offered waiting time. By estimating a structural model where this assumption is not imposed, we show that delay announcements not only impact customers' beliefs about the offered waiting time, but also directly impact customers' per unit waiting costs. Specifically, we find that customers' per unit waiting cost decreases with the offered waiting time associated with the delay announcements, while the variance of the idiosyncratic shock increases. These results should provide call centers with new insights on how to measure the impact of delay announcements on their customers and how to inform their customers about the anticipated delay. In particular, we show that the survival Author: How do Delay Announcement Shape Customer Behavior?
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Article submitted to Management Science; manuscript no. MS-0001-1922.65 analysis used by most call centers is not sufficient and that a richer analysis is needed to unravel the main effects of delay announcements. We also show that providing delay announcements improves the overall surplus of customers compared to the case when there is no information provided. The surplus of a customer equals the reward obtained minus her actual total waiting costs. Furthermore, we find that a simple announcement system which is comprised of three messages, i.e., low, medium and high, could result in better performance of the system in terms of customers ' surplus, compared to the announcement systems with more refined granularity.
Literature Review
In this paper, we study the impact of delay announcements on customer abandonment behavior, using a structural estimation approach. We next outline the four branches of the literature that this work is related to: delay announcements, customer abandonment behavior, structural estimation and the recent empirical studies of waiting in queues.
Delay Announcements. One of the first papers to discuss the question of whether to reveal the queue length information to customers is Hassin (1986) , which studies the problem of whether a price-setting and revenue-maximizing service provider should provide the queue length information to arriving customers. Whitt (1999) brings the concept of information revelation to the specific setting of call centers, where call centers communicate with their customers about the anticipated delay by providing delay announcements. The author shows that average waiting time can be reduced when accurate announcements are provided. Guo and Zipkin (2007) extends the model above by studying the impact of delay announcements with different information accuracy. They show that accurate delay information might improve or hurt the system performance.
While all these papers assume customers do not abandon the system once they join the queue, Armony et al. (2009) relaxes this assumption. The authors study the performance impact of making delay announcements to arriving customers in a many-server queue setting with customer abandonment. Customers are provided with either the delay of the last customer to enter service or an appropriate average delay upon arrival. The authors show that within the fluid-model framework, under certain conditions, the actual delay coincides with the announced delay. Motivated by this type of delay announcements, Ibrahim and Whitt (2009) explores the performance of different real-time delay estimators based on recent delay experienced by customers, allowing for customer abandonment.
All the aforementioned works assume that the information is credible and is treated as such by customers, which is relaxed in Allon et al. (2011) . It examines the problem of information communication by considering a model in which both the firm and the customers act strategically: the firm in choosing its delay announcement while anticipating customer response, and the customers in interpreting these announcements and in making the decision of whether to join the queue.
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The impact of delay announcements on customers' behavior has also been investigated experimentally. Hui and Tse (1996) shows that both waiting duration information and the queue information have a significant impact on customers' reaction in the intermediate or long wait condition, but not in the short wait condition through an experimental study. Munichor and Rafaeli (2007) extends the work above by studying the impact of providing a sense of progress on customer behavior. Specifically, the authors examine the effect of time perception and sense of progress in telephone queues on caller reactions to three waiting time fillers: music, apologies, and information about location in the queue. The authors show that call evaluations are most positive with information about their location in the queue as the time filler, while the sense of progress in the queue rather than perceived waiting time mediated the relationship between telephone waiting time filler and caller reactions.
Customer Abandonment Behavior. Customers' abandonment behavior associated with the announcements is one of the key components of our model. Several papers have proposed to use a rational decision model to capture customers' abandonment behavior (e.g., Haviv and Ritov (2001) and Mandelbaum and Shimkin (2000) ), where customers make abandonment decisions by weighing service utility against expected waiting costs. In particular, our base model is inspired by Mandelbaum and Shimkin (2000) , in the sense that customers have beliefs about the offered waiting time and act as utility maximizers by trading off between service reward and expected waiting costs. However, our structural model differs from the model in Mandelbaum and Shimkin (2000) in two important aspects: (1) our model accounts for the delay announcements, while Mandelbaum and Shimkin (2000) considers a setting where no announcements are provided and customers form beliefs about the system based on their experiences; (2) while, in Mandelbaum and Shimkin (2000) , different customers' behavior can be explained through the differences in the cost-reward ratios, as part of embedding their model in an empirical study, we also allow for idiosyncratic shocks. For more detailed review of customer abandonment behavior, we refer the reader to Hassin and Haviv (2003) .
Structural Estimation. As we mentioned above, we characterize customers' utility not only through the reward of being served and the waiting costs, but also through idiosyncratic shocks which are unobservable to the researchers. This type of random utility model is commonly seen in the structural estimation literature. In that literature, two of the most relevant papers to our work are Rust (1987) and Nair (2007) . Rust (1987) studies a structural regenerative optimal stopping model for bus engine replacement, where at each time period, the superintendent of maintenance chooses whether to replace the engine of a bus or not by trading off between the cost of overhaul and the cost of unexpected failure. Nair (2007) develops a framework to empirically investigate the optimal pricing over time of a firm selling a durable-good product to forward-looking consumers, Author: How do Delay Announcement Shape Customer Behavior?
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Article submitted to Management Science; manuscript no. MS-0001-1922.65 with an application to the market for video-games in the US. In particular, the author proposes a dynamic discrete choice model to capture customers' forward-looking behavior, where customers make decisions about whether to buy the product in the current period or wait until the next time period by trading off between the utility from current purchase and the value of buying the product at a lower price in the future. Aksin et al. (2012) adopts the dynamic discrete choice model in Nair (2007) to study callers' sensitivities to waiting in call centers. Specifically, the authors model callers' decision making processes as an optimal stopping time problem. At each time period, customers decide whether to abandon or to continue to wait by trading off between the reward from being served and the cost of waiting. The key differences between Aksin et al. (2012) and our work are that our model accounts for the announcements, and that the data we use contains detailed and accurate information about the delay announcements.
Empirical Studies of Waiting in Queue. Our paper studies how providing information to customers on anticipated delays impacts customer behavior while waiting in a queue. One very relevant paper is Olivares et al. (2011) . The authors study empirically how waiting in a queue in the context of a retail store affects customer purchasing behavior where the queue is visible. The authors find that waiting in the queue impacts purchase incidence in a non-linear manner and that customers appear to focus mostly on the queue length, without adjusting enough for the speed at which the queue moves. They also find that customer sensitivity to waiting is heterogeneous and has a negative correlation with price sensitivity. A recent paper, Buell and Norton (2011), shows that perception of the service providers' effort induce customers' satisfaction through an experimental study. We refer the readers to the survey in Mandelbaum and Zeltyn (2013) for a detailed review of other papers that deal with impatient customers.
Data and Preliminary Results

Data
The data is originally obtained from a medium-sized call center of a bank in Israel. when a customer makes a call to the call center, she first goes through the IVR component.
If the problem is addressed by the IVR, the call is terminated there. Otherwise, the customer 7 waits in the queue component until a live agent becomes available (conditional on the customer having the appropriate priority). While a customer waits in the queue component, she might be provided with delay announcements. The data itself does not have information about the exact announcements given to the customers. However, the call center provides us with two important pieces of information which were used to recover the exact announcements given to the customers: 1) the algorithm the call center uses to generate the estimate of the anticipated delay, and 2) the exact time when the information is provided. At this call center, customers are not provided with delay announcements immediately after they enter the queue. In fact, 60 seconds after the customer enters the queue, she receives her first announcement. The customers are updated every 90 seconds after they receive the first announcement about the state of the system. In terms of the algorithm, customers are given estimates of the anticipated delay, e.g. a customer might receive the announcement, "your expected delay is about 69 seconds."
At this call center, customers are sorted to different classes. The classification is based on customers' demographics, the service they seek, and their business importance to the bank. There are 268 classes in total at this call center. In this paper, we focus on the two biggest customer classes, which contain 58% of all customers who receive delay announcements. One class contains the VIP customers looking for checking account related service 1 , which we refer to as the VIP class. The other class includes regular customers looking for checking account related service, which we refer to as the regular class. From an operational perspective, customers from the VIP class have higher priority than those from the regular class. Furthermore, we observe that the VIP customers call the call center more frequently compared to the regular customers on average during the time when our data was collected. In the VIP class, there are 9,997 customers receiving at least one announcement while they wait in the queue. Among those customers who receive at least one announcement, 38.6% receive at least two announcements, 6.9% receive at least three announcements, and only 1.2% receive four or more announcements. In the regular class, there are 16,905 customers receiving at least one announcement. Among those customers who receive at least one announcement, 48.6%
receive at least two announcements, 10.4% receive at least three announcements, and only 2.3% receive four or more announcements.
To provide some context and demonstrate the congestion being experienced at this call center, we compute the average queue length and the average arrival rate at this call center. We observe that the average queue length is 11.0 customers, while the average arrival rate is 418.2 customers 1 It is important to note that the bank differentiates the service types of each call in a very fine manner. In particular, the bank distinguishes the checking account related services from other service types such as securities, sales, pension funds, investments, insurance, dues, credit, etc. Thus, we believe that customers within the same class are homogeneous in terms of their service types. Moreover, based on our conversation with the manager of the bank, we believe that most of the calls from the two classes that we focus on are informational in nature. In order to study the impact of delay announcements on customers' abandonment behavior, let us clarify the concepts that are instrumental in both the nonparametric approach (in Section 3.3) and the structural estimation approach (in Section 4). Specifically, we start with the concepts of offered waiting time in a queue and customers' patience time. The offered waiting time of a given customer is defined as the time that she has to wait before she can receive the service from a live agent, if she never abandons the system. As for the patience time, we use it to characterize customers' abandonment behavior in the nonparametric approach, where we take a more traditional view compared to the one that we take in the structural estimation approach. Particularly, the patience time is defined as the maximum time a customer can endure before she abandons the system.
We now turn to the definitions that are used to characterize the announcements and their impact.
We use the term announcement system to describe the set of announcements that the firm provides, including their contents and timing. We first confirm that the announcements provide information about the state of the system, and then study whether and how they influence customers' abandonment behavior in the two approaches that we mentioned above. To that end, let us introduce the following definitions of an announcement system being "informative" and "influential."
Definition 1. We say that an announcement system is informative if the offered waiting time of a customer receiving an announcement with longer estimated delay has first order stochastic dominance over that of a customer receiving an announcement with shorter estimated delay.
Definition 2. We say that an announcement system influences customers' patience time if there are at least two different announcements such that the patience time of customers receiving one announcement has first order stochastic dominance over the patience time of customers receiving the other one.
To facilitate the preliminary analysis in Section 3.3 and the estimation of the structural models in Section 5, we divide the announcements into intervals according to the announced time so that there are enough customers in each interval 2 . As we pointed out earlier, customers are given estimates of the anticipated delay up to the second. However, not many customers receive a given announcement, e.g., the announcement "your waiting time is about 69 seconds" is received by only 0.5% of customers in the VIP class. To balance the number of announcement intervals and the number of customers belonging to each announcement interval, we construct the announcement system for the regular customers as follows: we divide the first announcements and the second announcements received by customers from the regular class into intervals as illustrated in Figure   2 ; similarly, we divide the third announcements into two intervals, with the first interval from 0 to 4 minutes and the second interval equal to or longer than 4 minutes. We construct the announcement system for the VIP customers using similar criteria. The detailed announcement system for the VIP class is illustrated in Appendix A Figure 4 .
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In this section, we address our first research question of whether delay announcements impact customers' behavior. Following the traditional approach that call centers take to analyze customers' abandonment behavior 3 , we start by verifying whether or not the announcement system is informative, and then study whether it is also influential.
To verify whether the announcement system is informative and influential, we need to compare the offered waiting time and the patience time across different announcements. Note that the offered waiting time is right censored 4 for abandoned customers, because they must abandon the system before they would have been served. Similarly, customers' patience time is right censored for customers who are served by live agents, because they must get served before they would have abandoned the system. To address the censoring issue, we conduct two non-parametric statistical tests constructed specifically for comparing survival functions of right censored data. The two tests that we use are the Gehan's Generalized Wilcoxon test (Gehan (1965) ) and the Logrank test (Peto and Peto (1972) ) 5 .
The results of the tests 6 show that the first and third announcements are both informative 7 for both the regular class and the VIP class, but not the second announcement 8 . Thus we confirm that the first and third announcements indeed inform customers about the state of the system, but not the second announcement. If estimates of the anticipated delay in the first and third announcements are large, then congestion in the system is high. Yet, this is not the case for the second announcement.
We now turn to the question of whether the announcement system is influential. Let T j k represent the patience time of customers receiving the j th announcement from the k th interval, e.g., T 2 1 is the patience time of customers receiving the second announcement from the first interval, which is between 0 and 30 seconds. We find that, for the VIP class, the first announcement influences customers' patience time, while the second and third announcements do not. In particular, we of their patience time. The result that delay announcements do not impact customers' patience times does not mean that these announcements have no impact whatsoever on customers. In order to uncover the fundamental mechanism by which announcements may impact customer behavior, we turn to the second question and propose a dynamic structural decision model in Section 4.
The Structural Model
In order to explain how customers react to explicit and real time information on anticipated delays, we present a dynamic structural model where customers decide whether and when to abandon the system. We model customers' abandonment behavior as a dynamic decision process from the moment the first announcement is given. The time horizon is divided into small time periods of equal length. At the beginning of each time period, a customer decides whether to abandon the system or wait until the next time period by trading off between the waiting cost and the reward of the service. We assume customers are forward-looking. An important feature of our structural model is that it accounts for the delay announcements received by the customers over time. In our model, we focus on the first three announcements and disregard the other announcements received by customers during any given call, since only 1.2% of the VIP customers and 2.3% of the regular customers receive four or more announcements. To better describe these announcements, let M = {m 1 , m 2 , · · · , m n } be the set of possible messages. Let τ j be the time period, at the beginning of which the j th announcement is provided, for j ∈ {1, 2, 3}. Moreover, it is important to note that the same customer may make multiple calls to the call center over time. To this end, we let A j ih denote the j th announcement customer i receives during the h th call that she makes to the call center, for j ∈ {1, 2, 3}. We then have τ 1 = 0, given that the model is constructed from the moment the first announcement is given. 9 We define A ih (t) as the last announcement that customer i receives by time period t during the h th call that she makes. This is given by
Article submitted to Management Science; manuscript no. MS-0001-1922.65 Now we are ready to construct our base model where customers take the first three announcements into account. In order to make decisions about whether to wait or to abandon, customer i forms beliefs about the offered waiting time based on the last announcement A ih (t) she received during the h th call that she makes 10 . The cumulative distribution function (CDF) of the offered waiting time of customers receiving the announcement A ih (t) is denoted by F A ih (t) (·), where the offered waiting time is counted from the moment the first announcement is provided for any given call. The customer also has beliefs about the announcement evolution over time. We match customers' beliefs about the offered waiting time and the announcement evolution to the actual offered waiting time of the customers receiving the corresponding announcements and the actual announcement evolution, respectively 11 . Let us define κ
as the probability of being served at time period t, conditional on the fact that customer i is still in the queue at time period t during the h th call that she makes. For t ≥ 0, κ
is given by
The value-to-go of customer i at time period t during the h th call that she makes to the call center is given by
where r ih is the reward customer i gets for the service during her h th call, c ih is customer i's cost of waiting per time period during her h th call and a iht is customer i's decision about whether to abandon at time period t or wait until time period t + 1 during her h th call. The function
is the nominal value-to-go of customer i whose last announcement received until time period t during her h th call is A ih (t). It is important to note that ψ
(.) includes not only the nominal utility at time period t but also the nominal utility at the time periods beyond period t. The last term ε iht (a iht ) is the idiosyncratic shock which is observed only by customer i but not the researchers. The idiosyncratic shock captures customers' lack of adherence to pure rational decision making or customers' private information. Note that all these factors may vary with customers' decisions on whether to abandon the system. Thus, we let the idiosyncratic shock be a function of customers' action a iht . Further, we assume the idiosyncratic shock follows a Gumbel 10 To test the robustness of our results to the assumption that customers form beliefs about the offered waiting time on the last announcement that they receive for any given call, we study an alternative model. In this model, customers form beliefs about the offered waiting time based on the entire sequence of the announcements that they receive in the current transaction.
11 Our data shows a customer calls about 14 times a year on average to this call center. It is reasonable to assume that they are capable of forming the correct beliefs about the system.
Author: How do Delay Announcement Shape Customer Behavior? Article submitted to Management Science; manuscript no. MS-0001-1922.65 13 distribution 12 with ε iht (a iht ) ∼ Gumbel(α, θ), where α is the location parameter and θ is the scale parameter. We normalize the mean of ε iht (a iht ) to be zero, and as a result α = −γθ where the Euler-Mascheroni constant γ ≈ 0.577. We assume that ε iht (a iht ) are independent across different time periods, different calls and different customers' decisions, and are also independent from the nominal value-to-go Ψ
It is important to note that ψ
(.) is the expected utility of time period t and beyond, over the idiosyncratic shocks. Thus, ψ
(.) is a function of the idiosyncratic parameter denoted by θ but not a function of any realization of the idiosyncratic shocks.
Customer i makes a decision whether to abandon or wait until the next time period at each time period t during the h th call that she makes, to maximize her utility. In particular, the optimal action a iht is given by
If customer i decides to abandon, she would do so immediately at the beginning of time period t and will get the nominal utility, which we normalize to be zero. If customer i chooses to wait, she will stay in the queue until the next time period. As she waits, she may either get served, in which case she incurs the cost of waiting for time period t and gets the reward from the service.
Otherwise, she incurs the cost of waiting for time period t, and then she decides again whether to abandon or continue to wait as she enters the next time period. Thus, for t ≥ 0, the nominal value-to-go at time period t is given by
where
(r ih , c ih , θ) denotes the expected total future utility of customer i beyond time period t conditional on the fact that she decides to wait until time period t + 1 during her h th call. We refer to it as the aggregated future utility function. It is given by
The following proposition shows that we can write V
The proofs of all results including this proposition are relegated to Appendix D.
can be written as
Article submitted to Management Science; manuscript no. MS-0001-1922.65 It is worth mentioning that if no new announcement is provided at time period t+1, i.e., t+1 = τ j with j ∈ {2, 3}, A ih (t + 1) is identical to A ih (t). In contrast, if a new announcement is given at time period t + 1, i.e., t + 1 = τ j with j ∈ {2, 3}, A ih (t + 1) is the new announcement. In particular, for time period t, where t + 1 = τ j with j ∈ {2, 3}, (5) can be written as
Terminal condition. Let η(A ih (∞)) be the maximum time period we observe in the data among the customers who receive the announcement A ih (∞), with A ih (∞) = lim t→∞ A ih (t) . We assume the expected utility at the time periods beyond η(A ih (∞)) is zero. That is, for t > η(A ih (∞)),
In constructing these models, one of the goals is to study which announcements impact customer behavior. To that end, we also consider two models which are identical to the base model with the following modifications: i.) a model where customers disregard the third announcements, and ii.) a model where customers disregard the second and the third announcements. Thus, the first modified model is mathematically equivalent to the base model by setting τ 3 = ∞ and lim t→∞ A ih (t) = A 2 ih ; while the second modified model is mathematically equivalent to the base model by setting τ 2 = ∞ and lim t→∞ A ih (t) = A 1 ih . The three models described above all follow the theoretical literature, assuming that announcements only impact customers' beliefs on the offered waiting time. In order to test this assumption, we construct models which assume that the announcements not only impact customers' beliefs on the offered waiting time but also directly impact their waiting costs. We denote W l C n as the model where customers keep updating their beliefs about the system as they receive the first l announcements, and their waiting costs are influenced by the first n announcements for any given call. In this nomenclature, if customers do not update their waiting costs based on the announcements, n would be equal to 0. Thus, with this nomenclature, the base model corresponds to W 3 C 0 and the two modified models mentioned above correspond to W 2 C 0 and W 1 C 0 .
To describe how customers' per unit waiting costs are influenced by the announcements received, let us define A c ih (t) as the last announcement received by time period t during customer i's h th call which impacts her per unit waiting cost. Note this is analogous to A ih (t), which was defined above as the last announcement received (regardless of whether the announcement impacts customers' waiting costs or not). Thus, the model W l C n , for l, n ∈ {1, 2, 3}, is identical to the model W l C 0 , with the modification that the reward, the cost, and the idiosyncratic shock depend on the announcement (a iht ), respectively. In particular, the utility in the (7) instead of (2) for the W l C 0 models with l ∈ {1, 2, 3}. Similarly the nominal utility in the model
denotes the expected total future utility of customer i beyond time period t conditional on the fact that she decides to wait until time period t + 1 during her h th call. Based on Proposition 1, it is given by
It is worth pointing out that models W l C n , for l = n ∈ {1, 2, 3}, implicitly assume that if customers update their beliefs about the system with an announcement, they would update their waiting costs simultaneously with the same announcement, while the models W l C n , for n < l and l, n ∈ {1, 2, 3}, assume that not all the announcements which impact customers' beliefs about the system also impact their costs. In addition, we assume that if an announcement does not impact customers' beliefs about the system, it does not impact their waiting costs either. Thus, we do not consider the models with l < n and l, n ∈ {1, 2, 3}.
At this point, it is important to note that we can categorize the models constructed above into two groups. The first group includes the models W l C 0 , for l ∈ {1, 2, 3}, where customers only update their beliefs about the offered waiting time. We refer to these models as W-updating models. The other group contains the models W l C n , for l, n ∈ {1, 2, 3} and l ≥ n, where customers update not only their beliefs about the offered waiting time but also their per unit waiting costs. We refer to them as WC-updating models.
Modeling Customers' Heterogeneity. Above, we described customers' decision making. We next describe how we model heterogeneity among customers. Note that customers in the same Author: How do Delay Announcement Shape Customer Behavior?
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Article submitted to Management Science; manuscript no. MS-0001-1922.65 class may differ in their per unit costs and their rewards. As it is explained in Mandelbaum and Shimkin (2000) , a customer's optimal choice decision depends only on her cost-reward ratio. Thus, instead of modeling customers' heterogeneity through the cost and the reward separately, we do so through the cost-reward ratio. In particular, we assume customers' cost-reward ratio follows a folded normal distribution 13 for each customer class. The parameters of the distribution do not depend on the announcements for the W-updating models, while they do for the WC-updating models. Moreover, it is important to note that the same customer may call the call center multiple times over time. To this end, we let the cost-reward ratios associated with all the calls made by the same customer be the same in the W-updating models. In particular, the cost-reward ratio in the W-updating models is given by c ih r ih = |σz i + µ|, where z i is drawn independently from a standard normal distribution for each customer i. The parameters µ and σ are the mean and standard deviation of the underlying normal distribution. In contrast to the W-updating models, we have the cost-reward ratios associated with all the calls made by the same customer who receives the same announcements during these calls to be the same in the WC-updating models. In particular, the cost-reward ratio in the WC-updating models is given by c We now turn to estimate all the different models we construct to explain the customers' abandonment behavior and its relationship to the delay announcements.
Estimation Strategy
In this section, we go over the estimation strategy for all the models constructed above. Specifically, we use the maximum likelihood estimation method to estimate the parameters in our dynamic structural models. The key idea is to first compute the likelihood of observing a sequence of actions (i.e. wait/abandon) for each customer, and then to compute the overall likelihood of all customers. We estimate the model parameters by optimizing the overall likelihood function, which best explains the observed behavior.
To facilitate the estimation process, we use the announcement system constructed in Section 3.3.
We assume that announcements from the same interval induce the same belief about the offered 13 We assume that the cost-reward ratio follows a folded normal distribution for technical convenience. In particular, the Gaussian Hermit approximation that we use to efficiently solve the estimation problem can only be applied if the underlying stochasticity emerges from a normal distribution. Moreover, the cost-reward ratios have to be non-negative. Thus, we choose a folded normal distribution for it.
Author: How do Delay Announcement Shape Customer Behavior? Article submitted to Management Science; manuscript no. MS-0001-1922.65 17 waiting time and impact customers' costs in an identical manner, (e.g., announcements that report anticipated delay from 30 to 60 seconds induce the same belief about the offered waiting time and impact customers' costs in an identical manner). Now we describe the estimation strategy used for the models we constructed in Section 4. For all the models, we first estimate the service probability κ A ih (t) t directly from the data. To this end, we assume the residual offered waiting time at time period τ j when a customer receives an announcement, for j ∈ {1, 2, 3}, is Gamma distributed 14 with shape and scale parameters that depend on the announcements. (The residual offered waiting time at time period τ j , for j ∈ {1, 2, 3}, is simply equal to the offered waiting time minus τ j .) We use censored maximum likelihood method to estimate these parameters. Using these estimates for κ
, we next estimate the parameters of the model. We begin by estimating the models that are in-line with the theoretical literature, i.e., the W-updating models, in Section 5.1.
Recall that these models assume that announcements only impact customers' beliefs about their offered waiting time. In Section 5.2, we continue with the estimations for the models that assume that announcements not only impact customers' beliefs about the system but also their waiting costs, i.e., WC-updating models. We will then describe the identification strategy for both the W-updating and the WC-updating models in Appendix F.
Estimation of the W-updating Models
To construct the likelihood function, we first characterize the probabilities of customers' choice decisions about whether to wait or abandon at each time period t. We define P
as the probability that customer i, whose last announcement received is A ih (t) by time period t during her h th call, chooses action a iht at time period t. Using the corresponding choice probability at each time period, we obtain the probability of observing the sequence of choices over time for each customer. The following proposition characterizes the probabilities of customers' choice decisions. The detailed proof is outlined in Section 5.2 of Ben-Akiva and Lerman (1985) .
Proposition 2. Let the idiosyncratic shock ε iht (a iht ) be i.i.d. Gumbel distributed. With the utility function given by (2), we have,
As we mentioned in Section 4, the time horizon is divided into small time periods of equal length.
In our estimation, we choose the length of each time period, denoted by t l , to be 5 seconds 15 . We
Article submitted to Management Science; manuscript no. MS-0001-1922.65 denote customer i's waiting time during her h th call in the queue, as observed in the data, by t d ih . Then the total number of time periods that customer i waits in the queue during her h th call, denoted by N ih , is given by N ih = t d ih t l + 1. As we mentioned at the beginning of this section, the total log likelihood of observing the data, denoted by L W , is equal to the sum of the log likelihood of observing the sequence of customer i's actions a iht during her h th call for h = 1, 2, · · · , H i over i = 1, 2, · · · , K, where H i is the total number of calls that customer i made to the call center during the time when we collected our data and K is the total number of calls in the data. Thus, the total
, where c ih (Z) = |µ + σZ| and Z ∼ N (0, 1). It is important to note that when we multiply the parameters r ih , c ih and θ by any given constant, we will have the same likelihood value for the observed customers' abandonment decisions. Thus, to resolve the identification issue, we normalize the reward r ih to be 1 for all customers (see more details in Appendix F). To estimate the parameters
where Ω is the feasible set of the parameters, is equivalent to solving the optimization problem as follows:
where φ(.) is the probability density function of the standard normal distribution.
We solve the optimization problem above using the nonlinear optimization solver KNITRO in Matlab. We use 30 randomly generated initial points to get the best estimates. To estimate the integral in (11), we use Gauss-Hermite quadrature with 10 nodes outlined in Section 7.2 of Judd (1998). According to Aksin et al. (2012) , the estimation method can recover the true parameters very well. To construct the confidence interval of each parameter, we use the non-replacement subsampling; see Horowitz (2001) . In particular, we divide the data into subgroups based on the first announcements that customers receive. We randomly sample 95% of the data without replacement from each subgroup. Then we aggregate the sampled data from each subgroup together to form a new data set. We generate 100 data sets in total using the procedure we just described. We estimate the parameters for each data set with the estimation strategy described above and compute the corresponding standard deviations. Using the estimated standard deviations, we construct 95% confidence interval for each parameter assuming that the estimates from the 100 data sets follow a normal distribution.
Estimation of WC-updating Models
Above, we described the estimation strategy used for the W-updating models. Now, we turn to estimate the WC-updating models. In these models, given that we allow both the waiting cost and MS-0001-1922.65 19 the idiosyncratic error to depend on the announcements, the optimization problem suffers from high dimensionality. Thus, it is computationally challenging to solve the one-shot optimization problem directly in a manner similar to the W-updating models. To reduce the computational complexity, we decompose the optimization problem, accounting for the various announcements customers receive over time. Throughout this section, we focus on the models where only the first announcements impact customers' per unit waiting cost, i.e., W l C 1 with l ∈ {1, 2, 3}. It is worth mentioning that the estimation strategy for the other models where both the first announcements and the subsequent announcements may impact customers' per unit waiting cost, i.e., W 2 C 2 , W 3 C 2 and W 3 C 3 is slightly different. We refer the reader to Appendix E for the details on the estimation strategy for these models.
Following Proposition 2, yet adjusting the utility and nominal utility to account for the fact that the waiting cost and the idiosyncratic error depend on the announcements, see (7) and (8), the customer's choice probability P
is given by,
In addition, the corresponding cost is given by c
As in the previous section, we normalize the reward r i to be 1 for all customers.
Given that we allow both the waiting cost and the idiosyncratic error to be impacted by the announcements, we denote the parameters associated with a given announcement m ∈ M as ω m = (µ m , σ m , θ m ). Our goal is to estimate the parameters
where Ω m is the feasible set of the parameters associated with the announcement m ∈ M . Given the large number of parameters involved, it is computationally challenging to estimate them together. As part of our estimation strategy, we decompose the total log likelihood function into different components based on the last announcement that the customer receives that impacts her waiting costs. In order to describe the decomposition, we denote the total log likelihood function of observing the sequence of actions for all customers by
be the log likelihood of observing customers' choices at all the time periods, for which the last announcement (that impacts customers' costs) is fixed at m. Furthermore, we assume that customers' cost-reward ratios associated with different announcements are independent. The following proposition formalizes the decomposition.
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Using the same arguments as in Section 5.1, the log likelihood function
Following the decomposition shown above, we can estimate ω m ∈ Ω m independently, for each given m ∈ M , by maximizing the log likelihood function 13. For each announcement, we solve the optimization problems and estimate the confidence intervals for the parameters in the WC-updating models with the same approach that we used for the W-updating models. When estimating these models, for simplicity, we assume that within each class customers are homogeneous. We will test the robustness of our results to this assumption in Section 7.
Results
Above, we explained our estimation strategy; we next present our estimation results. We first report the results for the W-updating models and then the results for the WC-updating models.
Having multiple models that explain the observed customers' abandonment behavior, we discuss the concept of model selection in Section 6.3. In particular, we use an internal consistency criterion and the Akaike Information Criterion (Burnham and Anderson (2002) ) to select the model which best explains customers' abandonment behavior.
Our key findings are that announcements not only impact customers' beliefs about the system but also directly impact their per unit waiting costs. Specifically, we show that customers' per unit waiting cost decreases with the offered waiting time associated with the announcement. Table 1 shows the estimation results of the W-updating models for the regular class. Our results show that customers from the regular class are heterogeneous in their cost-reward ratios. In other words, the results imply that the different abandonment times that we observe are not only due to the idiosyncratic shocks but also due to the different waiting costs of different customers. We obtain similar results for the VIP class, see the details in Appendix H 
Results for W-updating Models
Results for WC-updating Models
In this section, we report the results for the WC-updating models. Our key results for these models are that the announcements not only impact customers' beliefs about the system, but also have significant impact on their waiting costs. Furthermore, customers' per unit waiting cost decreases with the offered waiting time associated with the announcement.
To test the consistency of the assumption made in the W-updating models that announcements only impact customers beliefs about the system, we start with reporting the estimation results for the models W l C 1 , with l ∈ {1, 2, 3}. Recall that both models W l C 1 and W l C 0 , for a given l ∈ {1, 2, 3}, assume that customers keep updating their beliefs about the system based on the first l announcements over time. The only difference between the two models is that the W l C 1 model assumes that the first announcements impact customers' waiting costs, while model W l C 0 assumes that the waiting cost is impacted neither by the initial announcement nor the subsequent ones. However, the estimation results for the models W l C 1 , with l ∈ {1, 2, 3}, given in Table 2 , show that the costreward ratio decreases with the offered waiting time associated with the first announcement, while the variance of the idiosyncratic shock 16 increases. This contradicts the assumption made in the corresponding W l C 0 model, for l ∈ {1, 2, 3}, that announcements do not impact customers' waiting costs. Thus, we claim that the W-updating models are not internally consistent.
At this point, it is important to note that the models W l C 1 with l ∈ {1, 2, 3} shown above all assume that only the first announcements impact customers' waiting costs. In order to investigate the extent to which the subsequent announcements impact customers' waiting costs, we explore all the possible WC-updating models, i.e., W l C n with l ≥ n and l, n ∈ {1, 2, 3}. We present the estimation results for the W 3 C 3 model here. Table 3 shows that the cost-reward ratio decreases with the offered waiting time associated with the first announcement, while the variance of the idiosyncratic shock increases in the W 3 C 3 model. These results are consistent with the results observed in the models W l C 1 , with l ∈ {1, 2, 3}. In addition, the same trend exists for the costreward ratio and the variance of the idiosyncratic shock associated with the second and the third announcements. We also obtain similar results for the W 2 C 2 and W 3 C 2 models (see Appendix G
16 The variance of the idiosyncratic shock is equal to Table 3 Estimation Results of the Model W3C3 for the Regular Class: we assume that customers' cost-reward ratios and the parameters θ induced by the first announcements [60, 90s), [90, 120s) , [120, 150s), and [150, 180s) are the same; and customers' per unit waiting costs and the parameters θ induced by the first announcements Tables 10 and 11), as well as for the VIP class (see Appendix H Tables 14, 15 , 16 and 17). We will report the confidence intervals for the model which best explains customers' abandonment behavior in Table 6 of Section 7.
Model Comparisons and Discussion
One can use the internal consistency criterion to favor the WC-updating models over the Wupdating models as we discussed above. In this section, we use a statistical approach based on the Akaike Information Criterion (AIC) to select the model which best explains customer behavior.
Given that AIC is a relative measure for the quality of a statistical model by trading off between Table 4 Relative AIC scores of all models for the regular class shown in Table 4a and the ones for the VIP class shown in Table 4b . The AIC scores of the base model W3C0 for both classes are normalized to be 0.
Further, the row index corresponds to the number of announcements that customers keep updating the beliefs with over time, while the column index corresponds to the number of announcements that impact customers'
waiting costs over time in the corresponding model.
the goodness of fit and the complexity of the model, we compare the AIC score of each model to the base model W 3 C 0 . The AIC score of model W 3 C 0 is normalized to be 0 for convenience. Tables 4a and 4b report the relative AIC score of each model for the regular class and the VIP class, respectively. According to Burnham and Anderson (2002) , the smaller the relative AIC score is, the less information loss the model has compared to the base model W 3 C 0 . Thus, according
to Tables 4a and 4b , model W 1 C 0 best explains the customer behavior among the W-updating models, while model W 1 C 1 best explains the customers' behavior among the WC-updating models.
Moreover, W 1 C 1 explains the data significantly better than W 1 C 0 for the VIP class, while W 1 C 1
and W 1 C 0 are not significantly different in explaining the data for the regular class. Hence, model W 1 C 1 dominates W 1 C 0 using both criteria, i.e., the internal consistency criterion and also the AIC.
Note that W 1 C 1 has relatively large number of parameters (i.e., a marginal cost and θ for announcements from each interval). One may envision that a model with fewer parameters will perform better in terms of the AIC score. We observe (see Table 2 ) that customers' per unit waiting costs are identical over some consecutive announcement intervals in the W 1 C 1 model, e.g., the per unit waiting cost associated with the announcements [180, 210s) and the one associated with the announcements [210, 240s) are almost identical to each other. By assuming that the per unit waiting costs induced by these announcements are the same, we obtain a revised model, referred to as the W 1 C * 1 model. The details about the announcement intervals, which induce the same per unit waiting cost, are described in Appendix G Table 12 . The results show that the AIC scores of the revised W 1 C Note that the models we discussed above all assume that at least the first announcements impact customers' beliefs about the system. To verify this assumption, we investigate a model Author: How do Delay Announcement Shape Customer Behavior?
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Article submitted to Management Science; manuscript no. MS-0001-1922.65 which assumes that none of the announcements impact customers' beliefs about the system or their waiting costs. Along the nomenclature outlined in Section 4, we denote this model as W 0 C 0 .
We report the estimation results of W 0 C 0 for the regular class and the VIP class in Table 1 and   Appendix H Table 13 , respectively.
Before we compare the W 0 C 0 model above to the W-updating and WC-updating models mentioned above, we first verify whether W 0 C 0 is internally consistent. It is important to note that there are two important assumptions under the W 0 C 0 model: 1) delay announcements do not impact customers' beliefs about the offered waiting time; 2) delay announcements do not impact customers' per unit waiting costs. To verify the second assumption, we now estimate the cost-reward ratios of customers receiving different announcements separately, while still assuming delay announcements do not impact customers' belief about the offered waiting time. We report the detailed estimation results for regular customers in Table 5 . (Following the nomenclature outlined in Section 4, we refer to this model as W 0 C 1 .) If the assumption that delay announcements do not impact customers' per unit waiting cost holds in the W 0 C 0 model, we would expect the estimated cost-reward ratios for customers receiving different announcements to be not significantly different. However, based on the results in Table 5 , we see that the cost-reward ratios for regular customers receiving different announcements follow different distributions. In particular, the cost-reward ratio of the regular customers decreases with the offered waiting time associated with the delay announcements in terms of the mean overall. Thus, we can claim that the W 0 C 0 model is not internally consistent for regular customers. We obtain similar results for the VIP customers, see the detailed results in Appendix H Table 18 .
Other than the internal consistency criterion that we used above, we now use the AIC to compare the W 0 C 0 model to the W 1 C * 1 model which is the model that best explains the data among all the W-updating and WC-updating models. Our results show that W 1 C * 1 is significantly better than W 0 C 0 along the line of the AIC for the VIP class, while W 0 C 0 is significant better than W 1 C * 1 for the regular class. In particular, the AIC scores of the W 0 C 0 model for the VIP class and the regular class are 6.2 and -5.4 relative to W 1 C * 1 , respectively. To this end, it is important to note that the AIC reflects the trade-off between the goodness-of-fit of the model measured by the maximized log-likelihood value and the number of parameters in the model. Thus, although the W 0 C 0 model outperforms the W 1 C * 1 model in terms of the AIC, the goodness of fit of the W 1 C * 1 model is still significantly better than the W 0 C 0 model. One possible explanation is that VIP customers are more experienced with the call center compared to regular customers. Therefore, VIP customers are more capable of making abandonment decisions based on the announcements received, while the regular customers may have difficulty accounting for the announcements. Thus, while the model W 0 C 0 , which assumes that customers do not take delay announcements into account, is not internally Table 5 Results of W0C1 and W1C1 with Heterogeneous Customers for the Regular Class consistent, it appears to be more efficient in explaining the observed abandonment behavior of the regular customers based on the AIC score compared to the W 1 C * 1 model. The analysis above shows that, for VIP customers, delay announcements not only impact customers' beliefs about the offered waiting time, but also the cost-reward ratio and the variance of the idiosyncratic shock. In particular, we find that the cost-reward ratio of the VIP customers decreases with the offered waiting time associated with the announcement, while the variance of the idiosyncratic shock increases. In addition, we find that the model assuming that only the first announcements impact customers' beliefs about the system and their waiting costs explains VIP customers' behavior better than any other models we tested based on both the internal consistency criterion and the AIC scores. One possible explanation for the result that longer estimated delays induce lower per unit waiting cost is as follows: when the estimated delay is long, customers anticipate longer waiting; given that waiting time is long, customers can choose an activity to engage in from a larger set of activities while waiting, compared to the case when the waiting time is short. This effectively reduces their opportunity cost of waiting and results in a smaller per unit waiting cost. For example, when the waiting time is anticipated to be 5 minutes, one can respond to emails while waiting, yet an anticipated wait of 30 seconds may require the customer to stay idle while waiting in the queue. This explanation is in line with the theory in Becker (1965) that the value of the time is equal to the opportunity cost.
As for the results that the variance of the idiosyncratic shock increases with the offered waiting times associated with the delay announcements, one possible explanation is that customers' adherence to full rationality diminishes as the anticipated delay increases. The result that customers do not update their beliefs about the system or their waiting costs with the subsequent announcements may not be generalizable, since the call center provides information about the state of the system rather then the progress.
Article submitted to Management Science; manuscript no. MS-0001-1922.65 Considering only the models which are internally consistent, similar results hold for the regular customers. Recall that in terms of the amount of information needed to explain how regular customers behave, it might be sufficient to assume that regular customers disregard the announcements.
These results from the structural model can be used to shed light on the link between delay announcements and our preliminary results about patience time. Customers receiving longer announcements are subject to longer total waiting time, yet smaller per unit waiting cost. The combination of the two opposite effects results in the phenomena we observe in Section 3.3, that the announcements impact customers' patience in a non-trivial manner or sometimes do not have impact on customers' patience time at all.
Robustness Study
We now study the robustness of our results that customers' per unit waiting cost decreases with the offered waiting times associated with the announcements. Note that so far the paper has made the following two assumptions 18 : (1) we have ignored the "time-of-the-day" effect; and (2) we have assumed that customers make abandonment decisions based on the actual offered waiting time associated with the announcements instead of the literal meaning of the announcements. In this section, we first explore a model in which we control for the time of the day when the call was made. The results show that our key insight continues to hold even when we control for the "timeof-the-day" effect. We next investigate an alternative model, where customers make decisions based on the explicit estimated delays provided in the announcements. While our key results continue
to hold, our analysis shows that this model has a lower predictive power compared to the W 1 C 1 model. Lastly, we study a model where we allow the cost-reward ratio to be heterogeneous among customers. Again, while our main results continue to hold, the model under customer heterogeneity has significantly lower predictive power compared to the ones with homogeneous customers. Before we provide the details of these extensions, we first confirm the statistical significance of our key results by reporting the confidence intervals of the point estimates.
Statistical Significance. In Table 2 , we presented the point estimates for the W 1 C 1 model.
We observed that the customers' per unit waiting cost decreases with the offered waiting time associated with the announcement, while the variance of the idiosyncratic error increases. In order to check the statistical significance of these results, we report the 95% confidence intervals for the As one can see, the trends for both the per unit waiting cost and the variance of the idiosyncratic error hold with 95% confidence.
We observe similar results for the VIP class (see the details in Appendix H Table 20 ).
"Time-of-the-day" Effect. We now turn to investigate the "time-of-the-day" effect and its impact on our results. In particular, our goal is to test whether the impact of the announcements on waiting cost persists regardless of the time of the day, both in terms of the order of magnitude and the trend. In order to do so, we first divide each day into three time segments, i.e., 9am to 12pm, 12pm to 3pm, and 3pm to 6pm. 20 We then estimate the model for each time segment separately. Figure 3 shows the estimated cost-reward ratios of the W 1 C 1 model for all three time segments, juxtaposed with the cost-reward ratio of the W 1 C 1 model reported in Table 2 . We observe that the trend of the cost-reward ratio is preserved for all three time segments. Moreover, the estimated cost-reward ratio for the three time segments are all fairly close to the corresponding cost-reward ratio estimated with the whole data set. Similar results are obtained for the variance of the idiosyncratic error. Thus, the implication of these results is that our key insights continue to hold even when we control for the "time-of-the-day" effect.
Beliefs about the Offered Waiting Time. It is important to note that we have made two assumptions on customers' beliefs about the offered waiting time so far: (1) we assume that customers make abandonment decisions based on the actual offered waiting time associated with the announcement; and (2) we assume that customers form beliefs about the offered waiting time based on the last announcements that they receive. To test the robustness of our results to the Article submitted to Management Science; manuscript no. MS-0001-1922.65 [ 9am to 12pm 12pm to 3pm 3pm to 6pm All Day Figure 3 Comparison among the cost-reward ratios of W1C1 model for the three data subsets and the cost-reward ratio of the W1C1 model estimated using the whole data set for the regular class first assumption, we explore an alternative model which is identical to the W 1 C 1 model with the modification that customers make decisions based on the explicit delay estimates provided in the announcements. We refer to this alternative model as the Naive-W 1 C 1 model. Specifically, in the Naive-W 1 C 1 model, customers believe that the mean of the offered waiting time equals the delay estimates given in the announcements. We compare the Naive-W 1 C 1 model to the W 1 C 1 model based on the AIC score. Our results show that the AIC scores of the Naive-W 1 C 1 model increase by 3.6 and 3.7 relative to the W 1 C 1 model for the regular and VIP customers, respectively. This implies that the W 1 C 1 model, where customers make decisions based on the actual offered waiting time associated with the announcements, explains the data significantly better than the Naive-W 1 C 1 model where customers make decisions based on the literal meaning of the corresponding announcement. To study the robustness of our results to the second assumption, we now investigate an alternative model which is identical to the W 3 C 1 model, with the modification that customers form beliefs about the offered waiting time based on the entire sequence of the announcements that they receive in the current transaction. While our key insight still holds in this alternative model, the AIC score shows the W 1 C 1 model, which is the model that best explains the data under the assumption that customers form beliefs about the offered waiting time based on the last announcements that they receive, explains the observed customers' abandonment behavior significantly better than this alternative model.
Heterogeneity of Customers.
As we pointed out earlier, we estimated all the aforementioned WC-updating models under the assumption that within the same class, the cost-reward ratios are the same for customers who receive the same announcement, i.e., σ m = 0 for all m ∈ M . We now MS-0001-1922.65 29 study a model where we allow customers' cost-reward ratios to be heterogeneous. To operationalize such heterogeneity, we allow the standard deviation of the folded normal distribution to be strictly positive in the WC-updating models. As a result, the models accounting for heterogeneous customers have additional parameters (specifically the standard deviation σ m , ∀m ∈ M ) compared to the models with homogeneous customers. We report the estimated results of the W 1 C 1 model with heterogeneous customers for the regular class in Table 5 . We find that our key insights continue to hold under customer heterogeneity. In particular, the same trends still hold for the per unit waiting cost (in terms of the mean) and the variance of the idiosyncratic shock under heterogeneous customers for the regular class. Due to the increased number of parameters, however, the AIC score of the W 1 C 1 model with heterogeneous customers increases by 17.1 relative to W 1 C 1 model with homogeneous customers for the regular class. This implies that the W 1 C 1 model with homogeneous customers explains the data significantly better than the W 1 C 1 model with heterogenous customers for the regular class. Similar results are obtained for the VIP customers (see the details
in Appendix H Table 19 ).
Counterfactual Analysis
We next demonstrate how one can use our methodology to help firms make better announcement policies by conducting a counterfactual analysis in a simulation approach. We first explore the impact of modifying the granularity of the announcements by evaluating the impact of different announcement systems on customers' surplus. Once we understand how firms can potentially maximize customers' surplus using delay announcements, we then turn to a more basic question of whether firms should provide announcements at all.
Before we address these two questions, let us briefly describe the essence of our call center model.
While customers wait in the queue, the call center informs them about the anticipated delay based on the offered waiting time of the system. Customers then form beliefs about the offered waiting time based on the announcements received. Based on these beliefs, customers make abandonment decisions, which in turn impact the waiting times experienced by other customers. For a given announcement system, we are interested in characterizing the equilibrium where the offered waiting times associated with the announcements equal the ones experienced by customers. We create an iterative procedure which we use to complete the system equilibrium emerged under a given announcement system. We refer the readers to Section 2.8 of Yu (2014) for further details of the simulation model and the iterative procedure. In our counterfactual study, we focus on customers from the regular class and the VIP class who call the bank between 9 am and 6 pm.
Let us start from the question regarding the impact of modifying the granularity of the announcements. We first construct a benchmark system which mimics the observed dynamics at the call Table 7 Benchmark Announcement System and the Three Alternative Announcement Systems center. In this system, the benchmark announcement system, as described in Table 7 , is used. We consider three alternative announcement systems other than the benchmark system: announcement systems A I , A II and A III , see Table 7 21 . The simulation models used to study the three announcement systems are the same as the one used for the benchmark system, but with different announcement systems. In particular, regardless of whether we use the benchmark announcement system or an alternative announcement system, for each one, we use the W 1 C 1 model, outlined in Section 4, to characterize customers' abandonment behavior. Thus, for our study, we provide delay announcements only once. The estimates of the anticipated delays provided in these announcements are computed using the same algorithm that the call center used. The iteration procedures converge for all these announcement systems. To compare the performances of different announcement systems, we use the average customers' surplus in the state of equilibrium as the performance measure for all announcement systems. The surplus of a customer equals the reward obtained minus her actual total waiting costs. We compute the average surplus of each customer class for each announcement system, and the weighted average surplus which accounts for the relative number of customers in each class. For simplicity, we normalize the reward of being served to be one dollar for both customer classes. We report the results for all these announcement systems in Table   8 . The results show that the overall weighted average surplus under announcement system A I is slightly better than the ones under other announcement systems. In particular, compared to the benchmark system, the average surplus for the VIP customers under announcement system A I increases by 7%, and the average surplus for the regular customers decreases by 2%, while the overall weighted average surplus increases by 4%.
It is worth mentioning that more VIP customers who receive announcements with long estimated delay stay for service under announcement system A I compared to the benchmark announcement system. Yet, there is no such significant difference for regular customers or customers who receive announcements with short estimated delay. Note that the surplus of each served VIP customer who receives announcements with long estimated delay is positive in expectation. Thus, we observe that the overall surplus of the VIP customers increases under the alternative announcement system, while the overall surplus of the regular customers seems unchanged; see Table 8 . Therefore, the above explains the improvement in terms of the overall weighted customers' surplus under the alternative announcement system compared to the benchmark announcement system.
In order to address the second question, we study a system where no announcements are provided.
Our iterative procedure also converges for the system with no announcements. We report the results in Table 8 . Compared to the benchmark system, the average surplus of the regular customers in the system with no announcements decreases by 59%, and the average surplus of the VIP customers increases by 13%, while the overall weighted average surplus decreases by 16%. The results imply that informing customers about the anticipated delay improves customers' surplus overall. Moreover, regular customers can make much better decisions in terms of their average surplus when there are delay announcements provided, while the impact of delay announcements on the VIP customers are not as significant as the regular customers in terms of their average surplus.
Our counterfactual analysis above suggests that this bank should provide delay announcements in order to improve the overall customers' surplus. Furthermore, it may not be necessary for the delay announcements to have very fine granularity. A simple announcement system which is comprised of 3 messages, i.e., low, medium and high, could result in better performance of the system in terms of customers' surplus, compared to the announcement system with more refined granularity.
We observe that, under the alternative announcement system, more VIP customers who receive long estimated delay stay for service, which may lead to the improvement of the overall customer surplus under the alternative announcement system compared to the benchmark announcement system.
22
22 Lastly, we have also explored the problem of when to provide the first announcement. Our results show that it may improve the performance of the call center by providing the first announcement earlier. Yet, such improvement diminishes as the ratio between the VIP customers' service reward and the regular customers' service reward increases. We provide more detailed description about this counterfactual study in Section 2.8 of Yu (2014) .
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Concluding Remarks
In this paper, we study how customers react to explicit and real time information on anticipated delays at a call center of a medium sized bank in Israel using an empirical approach. In contrast to the implicit assumption made in the literature that delay announcements only impact customers' beliefs about the system by informing them about the anticipated delay, our key results show that delay announcements not only impact customers' beliefs, but also impact customers' waiting costs.
In particular, the per unit waiting cost decreases with the offered waiting time associated with the announcements, while the variance of the idiosyncratic shocks increases.
The evidence that we provide about the impact of delay announcements on the per unit waiting costs should inform the practice on how delay announcements should be used to shape customer behavior. Most call centers perform survival analysis that is similar to the one that we conducted using the nonparametric approach in Section 3.3. These call centers may be led to believe that the delay announcements do not impact customers' behavior. Yet, we show that such an approach is insufficient, and a richer analysis is needed to disentangle the main effects of delay announcements.
In particular, our results show that delay announcements do impact customers' behavior. Moreover, one of the key managerial insights from our counterfactual study is that firms should inform customers about the anticipated delay to improve customers' surplus. The results also suggest that the call centers need not provide announcements with granularity as fine as the current system, and that a simple announcement system including as few as three messages, e.g, low, medium and high, may result in better performance in terms of customers' surplus.
Lastly, our study has certain limitations that should be explored in future research. In this paper, we study the impact of informing customers on the anticipated delay in a structural estimation approach. To relax the partial rationality assumption that we imposed on how customers make abandonment decisions in the structural model, we have been investigating the impact of delay announcements in a reduced form approach. This alternative framework can account for more factors, (e.g., sunk cost of waiting and the impact of the music being played while customers are waiting in the queue) that cannot be incorporated in our structural model. One can also extend this work by exploring the impact of other types of delay announcements, e.g., queuing position information. Moreover, the impact of better informing customers about their progress in the system is worth exploring. As we pointed out earlier, Munichor and Rafaeli (2007) shows that providing a sense of progress can improve customers' satisfaction in an experimental approach. This question could not be addressed in the call center that we study, due to the fact that the repeated announcements provided do not inform customers about the progress. It is worth exploring the impact of providing multiple announcements, where the subsequent announcements indeed provide information about the progress for customers, on customers' abandonment behavior. Moreover, Author: How do Delay Announcement Shape Customer Behavior? Article submitted to Management Science; manuscript no. MS-0001-1922.65 33 recall that we study how announcements with different granularity impact customers' abandonment behavior differently in our counterfactual analysis. To this end, it is important to note that the level of anxiety and uncertainty experienced by customers under announcement systems with different granularity may be different. However, we can not account for such potential psychological effect in our counterfactual study due to the fact that we are confined by a specific announcement system provided by the call center when we collected the data. Thus, our results about the impact of announcement granularity in the counterfactual analysis may be confounded by this potential psychological effect. As a limitation to any empirical work, we are constrained by the context in which we obtained the data. However, we believe that the main insights of this paper are applicable to settings where calls are informational in nature as it was in the call center where we obtained the data. To study the applicability and generalizability of the key insights of this paper, as well as to address other questions mentioned above, we have been conducting a field study at a different call center of the same bank.
From the theoretical modeling point of view, one can explore theoretical models which account for the results, that announcements not only impact customers' beliefs about the system, but also directly impact customers' per unit waiting costs, to help firms make better operations decisions (e.g., staffing), for a given announcement system. Announcement System for the VIP class: the plot above illustrates the announcement intervals for the first and second announcements; similarly we divide the third announcement received by the VIP customers into two intervals with the first one from 0 to 3.5 minutes and the second one equal or longer than 3.5 minutes.
Appendix B: Accuracy of Delay Announcements
We show that the delay announcements at this call center are informative in Section 3.3. In order to further study the connection between the estimated delay provided in the announcements and the offered waiting time experienced by the customers, we check the accuracy of the delay announcements. To study the accuracy of the delay announcements, we first compute the offered waiting time for each customer. The offered waiting times of a served customer is the same as her actual waiting time in queue, which is observable in the data. Yet, the offered waiting time of an abandoned customer is not directly observable from the data and needs to be approximated. In particular, we let the offered waiting time of an abandoned customer equal the actual waiting time of the first served customer who is from the same class and arrives after her, plus the difference between these two customers' arrival time. We then fit a simple linear regression between the actual offered waiting time (denoted as Y ) and the estimated delay provided in the announcements (denoted as X). Figure 5 shows the linear relationship between the actual offered waiting time and the estimated delay provided in the announcements for the regular customer class. The function of the fitted line is given by Y = 0.78X − 13.19 with R 2 = 0.78 for the regular customers. The value of R 2 is very close one, which implies that the linear curve fits our data very well. We observe a similar trend for the VIP customers.
Thus, we conclude that the offered waiting time is positively correlated with the estimated delay provided in the announcements, which is consistent with our test results showing that the delay announcements are informative in Section 3.3.
Appendix C: Logrank Test and Gehan's Generalized Wilcoxon Test
In section 3.3, we used the Logrank test and Gehan's Generalized Wilcoxon Test to study whether or not delay announcements are informative and whether they are also influential. In this appendix, we further review the applicability of these two non-parametric tests. The Logrank test is a hypothesis test that compares the survival functions of two samples, where the data is right censored. In particular, the Logrank test statistic compares estimates of the hazard functions of the two groups at each uncensored data point (e.g., when we use Logrank test to compare customers' patience time, the corresponding uncensored data points are the waiting times of abandoned customers.) The test statistic adds the differences of all these estimates between the two samples to obtain an overall summary across all uncensored data points (i.e., the waiting time of each abandoned customer). The only difference between the Logrank test and the Gehan's Generalized Wilcoxon test is that the former gives uniform weight to the differences at all uncensored data points, while the latter gives more weight to the differences at earlier uncensored data points. It is worth mentioning that for right censored data, we can only estimate the survival function at the uncensored data points as opposed to all the observed data points. Since the statistics of the two tests are only based on the differences of survival functions at the observed uncensored data points, they can be applied to censored data.
Appendix D: Proofs Proof of Proposition 1
Let the idiosyncratic shock ε iht (a iht ) be independent and identically Gumbel distributed (Gumbel(α, θ)) with the CDF given by
Given (2), it is not hard to see u
(r ih , c ih , ε i,h,t+1 (a), a) follows Gumbel (α 1 (a iht ), θ 1 (a iht )) with 
where γθ + α is the mean of the idiosyncratic shock ε iht (a iht ) and it is normalized to be 0 in our model.
This completes the proof.
Proof of Proposition 3
Let
be the total log likelihood of observing the sequence of actions for all customers in the WC-updating models. Using the same strategy developed in Section 5.1, we have
Using the assumption that customers' cost-reward ratios associated with different announcements are independent, together with the equations for the nominal utility, the expected total future utility and the choice probability in the WC-updating models, see (8), (9) and (12), one can see that the term Π
, for any m = m , where Z 1 and Z 2 are two independent standard normal distributed random variables. We then have
This completes the proof. Table 11 Estimation Results of the W3C2 Model for the Regular Class: we assume that customers' cost-reward ratios and the parameters θ induced by the first announcements [60, 90s), [90, 120s) , [120, 150s), and [150, 180s) are the same; and customers' per unit waiting costs and the parameters θ induced by the first announcements [180, 210s), [210, 240s) and [240, 360s) are the same; and customers' per unit waiting costs and the parameters θ induced by the second announcements [0, 60s), [60, 120s) and [120, 180s) are the same; and customers' per unit waiting costs and the parameters θ induced by the second announcements [180, 240s) and [240, 360s) are the same, while customers continue to form beliefs about the system based on the default announcement system. Table 12 Estimation Results of the W1C * 1 Model for the Regular Class: we assume that customers' cost-reward ratio and the parameter θ induced by the announcements [60, 90s) and the announcements [90, 120) Table 15 Estimation Results of the Model W3C3 for the VIP Class: we assume that customers' cost-reward ratios and the parameters θ induced by the first announcements [60, 90s), [90, 120s) , [120, 150s), and [150, 180s) are the same; and customers' per unit waiting costs and the parameters θ induced by the first announcements Table 16 Estimation Results of the W3C2 Model for the VIP Class: we assume that customers' cost-reward ratios and the parameters θ induced by the first announcements [60, 90s), [90, 120s) , [120, 150s), and [150, 180s) are the same; and customers' per unit waiting costs and the parameters θ induced by the first announcements [180, 210s) and [210, 300s) are the same; and customers' per unit waiting costs and the parameters θ induced by the second announcements [0, 60s), [60, 120s) and [120, 180s) are the same; and customers' per unit waiting costs and the parameters θ induced by the second announcements [180, 210s) and [210, 300s) are the same, while customers continue to form beliefs about the system based on the default announcement system. Table 17 Estimation Results of the W2C2 Model for the VIP Class: we assume that customers' cost-reward ratios and the parameters θ induced by the first announcements [60, 90s), [90, 120s) , [120, 150s), and [150, 180s) are the same; and customers' per unit waiting costs and the parameters θ induced by the first announcements 1936 [0.1934, 0.1937] Table 21 Estimation Results of W1C * 1 Model for the VIP Class: we assume that customers' cost-reward ratio and the parameter θ induced by the announcements [60, 90s) and the announcements [90, 120) are the same; and customers' per unit waiting cost and the parameter θ induced by the announcements [120, 150s) and the announcements [150, 180) are the same; and customers' per unit waiting cost and the parameter θ induced by the announcements [180, 210s) and the announcements [210, 300) are the same.
